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Abstract

:

Dynamic lung imaging is a major application of Electrical Impedance Tomography (EIT) due to EIT’s exceptional temporal resolution, low cost and absence of radiation. EIT however lacks in spatial resolution and the image reconstruction is very sensitive to mismatches between the actual object’s and the reconstruction domain’s geometries, as well as to the signal noise. The non-linear nature of the reconstruction problem may also be a concern, since the lungs’ significant conductivity changes due to inhalation and exhalation. In this paper, a recently introduced method of moment is combined with a sparse Bayesian learning approach to address the non-linearity issue, provide robustness to the reconstruction problem and reduce image artefacts. To evaluate the proposed methodology, we construct three CT-based time-variant 3D thoracic structures including the basic thoracic tissues and considering 5 different breath states from end-expiration to end-inspiration. The Graz consensus reconstruction algorithm for EIT (GREIT), the correlation coefficient (  C C  ), the root mean square error (  R M S E  ) and the full-reference (  F R  ) metrics are applied for the image quality assessment. Qualitative and quantitative comparison with traditional and more advanced reconstruction techniques reveals that the proposed method shows improved performance in the majority of cases and metrics. Finally, the approach is applied to single-breath online in-vivo data to qualitatively verify its applicability.
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1. Introduction


Electrical impedance tomography (EIT) is a medical imaging technique which reveals the conductivity or admittance distribution of a subject under test (SUT) [1]. In EIT, an alternating, low-amplitude current usually up to 1MHz is induced into a cluster of electrodes, while the measured electrode potentials are used as raw data for the image reconstruction. Unlike other medical imaging modalities, EIT is characterized by the absence of ionizing radiation, its low cost and its notable temporal resolution. This makes EIT a useful tool for real-time lung function monitoring. Many studies have shown the importance of EIT for revealing vital signs related to ventilation properties, such as tidal volume (TV) [2], or pathological situations, such as acute respiratory distress syndrome (ARDS) [3].



Despite its potential advantages, EIT is lacking in spatial resolution, something that still keeps its application in medical equipment limited. In addition, EIT images often present artefacts that, in some cases, may degrade their clinical value and diagnostic efficacy. Such artefacts are related to the highly ill-posed and ill-conditioned nature of the EIT inverse reconstruction problem. This means that the image quality presents with high sensitivity to voltage signal noise. In real-time EIT imaging, the signal-to-noise ratio (  S N R  ) is often limited, because higher frequency currents need to be injected in order to achieve a high temporal resolution [4,5]. Indeed, in practice, lower frame rate EIT hardware systems [6,7] usually present better voltage   S N R   levels than higher frame rate systems [8,9].



Furthermore, EIT is susceptible to modeling errors. Particularly in dynamic thoracic imaging, the lack of a homogeneous background, the  patient’s unknown chest boundary shape, as well as its changes over time due to the patient’s breathing cycles and the high chance of the electrodes’ displacement during signal acquisition also introduce significant modeling errors [10,11,12]. Despite the fact that a percentage of modeling errors can be compensated when time-difference EIT is applied, their impact on image quality may be still noticeable. Moreover, EIT is a highly non-linear problem, which means that highly inhomogeneous admittance inclusions cannot be accurately estimated with simple linear methods [12]. The variations in the lungs’ admittance due to the continuous change in air volume is a typical case [13].



Over the years, many approaches have been proposed for EIT image reconstruction. The most simple approaches assume small conductivity or admittance inclusions and linearize the problem around a predefined homogeneous value. Then, the problem is treated directly using either truncated singular value decomposition (TSVD) or standard Tikhonov regularization (STR), where an identity matrix prior is considered. Generalized Tikhonov regularization (GTR) schemes [14] such as the Laplace prior, the NOSER prior [15] and the high-pass filter Gaussian prior [16] can be also applied, improving the image reconstruction performance compared to TSVD and STR. To compensate boundary movement effects, [17,18] introduced electrode movement priors, combining them with the previous schemes. Another single-step approach which makes use of a figure-of-merit (FoM) framework to optimize both parameters and performance is the Graz consensus reconstruction algorithm for EIT (GREIT) [19]. GREIT uses dual-mesh schemes, i.e., a coarse 2D domain for the admittance reconstruction and a fine 3D domain, extruded from the coarse 2D one, for accurate forward calculations. This greatly improves accuracy, but at the cost of additional time and complexity.



Despite the benefits of single-step approaches in dynamic EIT imaging speed, EIT is a non-linear problem. Therefore, most linear approaches cannot accurately capture significant conductivity changes. In such cases, iterative approaches have been developed to deal with the non-linearity. A common iterative framework is based on the Gauss–Newton (GN) algorithm, which makes use of the GTR schemes mentioned above (  L 2  -norm regularization) [20]. Another popular iterative approach is the total variation (TV) approach, where   L 1  -norm regularization priors are used [21,22,23]. A hybrid non-linear difference EIT imaging approach was proposed in [12,24] in an effort to effectively deal with both the models’ mismatches and the problem’s non-linearity. Another   L 1  -norm approach uses the Bregman distance scheme, showing improved performance in lung imaging compared to the traditional   T V   scheme [25].



Sparse Bayesian learning (SBL) was firstly proposed as a mathematical formulation in [26,27,28] but was only recently applied in EIT [29,30,31,32]. Instead of the traditional regularization schemes, it treats the inverse problem as a log-likelihood optimization procedure, assuming a sparse conductivity distribution. SBL approaches show robustness to signal noise, while the non-trivial hyperparameter selection needed in regularization techniques is avoided. Although some SBL methods, such as structure-aware SBL (SA-SBL) [30] and time-sequence learning SBL [33] have been proposed for EIT, their evaluation is limited to simple circular and cylindrical structures. Hence, SBL has not been applied in dynamic thoracic imaging, where the structures have more complex geometries, usually unknown, and are highly non-homogeneous.



The point-matching method of moment (PM-MoM) for EIT was also recently proposed in [34]. It uses a global integral equation approach with Green’s functions. The logarithm of conductivity is expressed as a linear combination of modified radial basis functions (RBFs). Contrary to the traditional finite element (F.E.) approach, which treats the problem as a weak form that does not hold for significant conductivity changes, the PM-MoM is formulated globally, decreasing the problem’s non-linearity. The PM-MoM has therefore shown to converge faster than the traditional F.E. approaches both in   L 1   and   L 2  -norm inverse problem schemes. Despite the fact that PM-MoM has been tested on circular and cylindrical structures, it has not been quantitatively evaluated in dynamic thoracic imaging.



Motivated by the benefits of the PM-MoM and the SBL optimization scheme, in this work we introduce an approach that combines these two methods. In particular, the proposed PM-MoM SBL approach undertakes the image reconstruction problem’s non-linearity, offering robustness to noise and reduced susceptibility in modeling errors. To evaluate the PM-MoM SBL approach, we apply it to 3D F.E. thoracic structures (cases) based on 3 male subjects’ CT images, available online. For each case, five sub-structures are built, considering five corresponding breath-cycle states from expiration to the end-inspiration. Each structure includes the lungs, heart, vertebrae, muscle and skin tissues to avoid the assumption of a uniform background [11]. It is noted that most previous studies for EIT approaches in dynamic thoracic imaging consider only the inspiration and expiration ends and only the lung tissues in their models for quantitative evaluation. The proposed approach is compared with traditional (GN, TV, difference of absolute images) and more advanced (prior movement, hybrid non-linear imaging) F.E.-based regularization approahces, as well as the regularized MoM approach, showing increased noise robustness and improved performance both qualitatively and quantitatively. Finally, the proposed method is tested in in vivo human breath data which is available online, verifying its proper applicability.



The rest of this paper is organized as follows. In Section 2, the EIT problem’s principle, as well as state-of-the-art regularization-based methods, are outlined. In Section 3, the proposed PM-MoM SBL approach is presented, while in Section 4, the 3D thoracic structures, the evaluation FoM, the method adopted to extract the reference images and the in vivo data are described. In Section 5, the image reconstruction results, as well as the quantitative results, are demonstrated and discussed. Finally, Section 6 concludes this work.




2. Background


In this section, a brief review of the EIT mathematical formulation and the state-of-the-art inverse reconstruction approaches used for the comparisons is performed.



2.1. EIT Principle


Assume a N-electrode EIT setup and a d-dimensional domain (  d ∈ { 2 , 3 }  )  Ω , where the current is injected. The problem can be described according to the following Laplace equation:


  ∇  σ ( r ) ∇ u ( r )  = 0 ,   r ∈ Ω  



(1)




that implies the following boundary conditions, according to the complete electrode model (CEM) [35]:


     u  ( r )  +  z l  σ  ( r )    ∂ u ( r )   ∂ n       =  U l  ,   r ∈  e l  ,   l = 1 , . . . , N     



(2)






      ∫  e l   σ  ( r )    ∂ u ( r )   ∂ n   d S     =  I l  ,   l = 1 , . . . , N     



(3)






     σ  ( r )    ∂ u ( r )   ∂ n        = 0 ,   r ∈ ∂ Ω \   ⋃  l = 1  N   e l      



(4)




where   r ∈  R d    is the position vector,   σ ( r )   is the conductivity,   u ( r )   is the potential,  n  is the normal outward-pointing vector,   e l   is the electrodes’ positions set,   z l   is the electrodes’ contact impedances,   U l   is the lth electrode voltage and   I l   is the current injected on the lth electrode.




2.2. Time-Difference EIT


In time-difference (dynamic) EIT imaging, we assume two consecutive states. The corresponding computed boundary voltages’ vectors can be written as follows:


   U  ( 1 )   =  [  U 1 1     U 2 1    . . .    U  N m  1  ]  ∈  R  N m × 1    



(5)




and


   U  ( 2 )   =  [  U 1 2     U 2 2    . . .    U  N m  2  ]  ∈   R   N m × 1   ,  



(6)




where m is the total voltage measurements acquired for each current injection electrode pair, according to the selected measurement pattern [36]. Accordingly, we assume that two voltage data measurement frames    V  ( 1 )   ∈  R  N m × 1     and    V  ( 2 )   ∈  R  N m × 1     are acquired from the EIT system. We then set the differential voltage frames


  δ U =  U  ( 2 )   −  U  ( 1 )    



(7)




and


  δ V =  V  ( 2 )   −  V  ( 1 )   .  



(8)







Considering Gaussian noise    e n  ∈  R  N m × 1     between the simulated boundary voltages and the measurements, we have


  δ V = δ U +  e n  .  



(9)







Furthermore, we assume    σ  ( 1 )    ( r )    and    σ  ( 2 )    ( r )    as the corresponding conductivity distributions, setting the difference


  δ σ  ( r )  =  σ  ( 2 )    ( r )  −  σ  ( 1 )    ( r )  .  



(10)







If the finite element method (F.E.M.) discretization scheme is applied in  Ω , we assume a number of L elements and that each element i presents a constant conductivity   σ i  .



Hence, we can write the following conductivity vectors:


   σ  ( 1 )   =   [  σ i  ( 1 )   ]   i = 1  L  ∈  R  L × 1    



(11)






   σ  ( 2 )   =   [  σ i  ( 2 )   ]   i = 1  L  ∈  R  L × 1    



(12)






  δ σ =   [ δ  σ i  ]   i = 1  L  ∈  R  L × 1   .  



(13)







The general approach is to formulate the inverse problem as a weighted-least squares (WLS) minimization problem between   δ V   and   δ U  , adding a regularization term   P ( δ σ )   to stabilize the problem’s ill-conditioned nature, such that


  F  ( δ σ )  =   δ U − δ V  W 2  +  λ 2  P  ( δ σ )  .  



(14)






  δ  σ *  =  argmin  δ σ ∈  R L     F ( δ σ )  ,  



(15)




where   W ∈  R  N m × N m     is a diagonal, noise covariance matrix and  λ  is the regularization hyperparameter. The problem is to find the optimal   δ σ   that minimizes   F ( δ σ )   in (14). From hereon, we assume that all the measurement channels have the same noise; hence,   W =  I Nm   .




2.3. Single-Step Linear Reconstruction


As mentioned in the introduction, EIT image reconstruction is a non-linear problem, i.e., the relation between  U  and   σ ( r )   is non-linear. However, assuming relatively small conductivity changes, and using Taylor approximation around a linearization point   σ o  , we can write


  δ U =   ∂ δ U   ∂ δ σ    |  σ o   δ σ + O  (   δ σ  2  )  ≃ J δ σ ,  



(16)




where   J ∈  R  N m × L     is the Jacobian matrix around   σ o  . In the simplest case (dimensionless electrodes),  J  is computed according to the following formula [37]:


   J  d m  i  =   ∂ δ  U  d m     ∂ δ σ   = −  ∫  Ω i   ∇ u  (  I d  )  · ∇ u  (  I m  )  d A ,  



(17)




where   Ω i   denotes the i-th element’s domain, d denotes the current injection differential channel and m denotes the voltage measurement differential channel. The minimization function is then written according to the following form:


  F  ( δ σ )  =   J δ σ − δ V  W 2  +  λ 2  P  ( δ σ )  .  



(18)







In this case, smooth   L 2   priors, such as the standard Tikhonov, the Laplace, the NOSER or the Gaussian priors, are commonly utilized [14,15,16]. Hence, we can write


  P  ( δ σ )  =   δ σ  Q 2  ,  



(19)




where   Q ∈  R  L × L     is the prior matrix. The linearized problem has the following closed-form solution:


  δ  σ *  =    J T  W J +  λ 2  Q   − 1    J T  W δ V .  



(20)







This is the most commonly used linear EIT scheme.




2.4. Regularized Reconstruction Approaches


In this section, we perform a brief review of the regularization-based linear and non-linear approaches used for the comparisons.



(I) Non-Linear Gauss–Newton (GN): The traditional non-linear GN approach makes an iterative estimation of conductivity change distribution to optimize


  F  ( δ σ )  =   δ U − δ V  W 2  +  λ 2    δ σ  Q 2  .  



(21)







An initial solution is taken from (20). Then,  J , as well as   δ σ  , are re-estimated in each iteration until convergence.



(II) Total Variation (TV): This non-linear, iterative approach assumes that intense conductivity changes occur between neighbouring elements of  Ω  by applying   L 1  -norm priors. The functional to be minimized is written as follows:


  F  ( δ σ )  =   δ U − δ V  W 2  +  λ 2   ∑  i = 1   N  e d         L i  δ σ  2  + β   ,  



(22)




where   N  e d    is the total number of edges between the domain’s elements, and   L ∈  R   N  e d   × L     is a sparse matrix which shows the relation between the elements and their edges.   L i   refers to the ith row of the matrix  L , and   β > 0   is a parameter that prevents the non-differentiability of the regularization term [22]. In terms of this paper, the primal-dual interior point (PD-IPM) TV method is adopted [21,22,23].



(III) Movement Prior: This approach, which was firstly proposed by [17] and furtherly developed in [18], performs linear difference-EIT reconstruction while considering the electrodes’ movement effect. The electrode movement   δ x ∈  R  d N × 1     is also estimated along with the conductivity change. To this end, Tikhonov and Laplace priors have been proposed for the simultaneous estimation of   δ σ   and   δ x  , properly modifying the Jacobian matrix  J  and the prior matrix  Q  [17,18]. Apart from  λ , a   μ > 0   regularization hyperparameter for the electrode movement prior is needed. In terms of this paper, both   δ σ   and   δ x   estimations are performed using the Laplace prior, in the way described in [18]. This approach has proven to reduce the artefacts caused by the electrodes’ movement and boundary changes and has been exclusively developed for applications in dynamic lung imaging.



(IV) Difference of Absolute Images: In this approach, absolute, instead of difference, EIT reconstruction is applied particularly for each measurement frame [38]. The problem’s objective functions are the following:


   F 1   (  σ  ( 1 )   )  =    U  ( 1 )   −  V  ( 1 )    W 2  +  λ 2     σ  ( 1 )    Q 2  .  



(23)




and


   F 2   (  σ  ( 2 )   )  =    U  ( 2 )   −  V  ( 2 )    W 2  +  λ 2     σ  ( 2 )    Q 2  .  



(24)







Defining    σ *  ( 1 )   ∈  R L    and    σ *  ( 2 )   ∈  R L    as the obtained solutions from (23) and (24), respectively, the final estimated conductivity change is simply obtained by


  δ  σ *  =  σ *  ( 2 )   −  σ *  ( 1 )    



(25)







In this paper’s reconstructions, the minimization of   F 1   and   F 2   is performed by using the absolute GN non-linear approach with a Laplace prior.



(V) Multiple Priors (Non-Linear Difference Imaging—N.L.D.): This approach, proposed in [12,24], concatenates the voltage data measurement frames as follows:


   V ¯  =   [   V  ( 1 )   T      V  ( 2 )   T  ]  T  ∈  R  2 N m × 1   ,  



(26)




and the computed boundary voltages as follows:


   U ¯  =   [   U  ( 1 )   T      U  ( 2 )   T  ]  T  ∈  R  2 N m × 1   ,  



(27)




while it is assumed that conductivity changes occur in a particular region of interest (   Ω  R O I   ⊆ Ω  ), which is discretized in    L  R O I   ≤ L   elements, such that


   σ  ( 2 )   =  σ  ( 1 )   + M δ  σ ROI  ,  



(28)




where  M  is an operator that maps   δ  σ ROI    with the domain’s elements. The following optimization problem is defined:


  F  (  σ ¯  )  =    U ¯  −  V ¯   W 2  +  λ 1 2     σ  ( 1 )     Q 1  2  +  λ 2 2   ∑  i = 1   N  e d , R O I         L  i , ROI   δ  σ ROI   2  + β   ,  



(29)




where   λ 1   and   λ 2   are regularization hyperparameters,   N  e d , R O I    is the total number of edges between the ROI elements and    L  i , ROI   ∈  R   N  e d , R O I   ×  L  R O I       shows the relation between the ROI’s elements and their edges. A smooth   L 2  -norm prior (prior matrix   Q 1  ) is used to estimate   σ  ( 1 )   , while a   L 1  -norm prior is used to estimate the local conductivity change   δ  σ ROI   . The solution    σ ¯  *   that minimizes (29) is achieved via an iterational process. A linesearch to perform the updates is essential due to the problem’s high non-linearity.



It is worthwhile to mention that apart from these methods, many other approaches have been developed for difference-EIT imaging. For example, the TSVD, a traditional linear approach, gives similar results to (20) by performing thresholding SVD instead of regularization. Finally, a very well-known single-step approach is the D-Bar, which uses a non-linear scattering transform and low-pass filtering [39,40,41]. A comparison between D-Bar and regularized methods can be found in [42].





3. Method-of-Moment with Sparse Bayesian Learning (Pm-Mom SBL)


This section presents the proposed method as a combination of the PM-MoM system matrix formulation and an SBL approach for the occurring inverse problem.



The PM-MoM formulates a global integral equation (holding in the whole  Ω ) instead of using the weak form of (1). It expresses the voltages and fields as Green’s functions and their gradients, respectively. The conductivity is non-linearized in the integral equation, and, unlike the conventional F.E.M. formulation, is not assumed to be a piecewise constant at each element. Instead, its logarithm is expressed as a summary of radial basis functions (RBFs) [34].



The governing integral equation takes the following form:


  u  ( r ;  r +  ,  r −  )  =  ∫ Ω  G  ( r ,  r ′  )  ∇  ln σ (  r ′  )  · ∇  u o   (  r ′  ;  r +  ,  r −  )  d A +  u o   ( r ;  r +  ,  r −  )  ,  



(30)




where   G ( r ,  r ′  )   denotes the Green’s function set between an observation point  r  and a source point   r ′  ,   u o   denotes the domain’s voltage distribution when the conductivity is constant (homogeneous with a value   σ o  ) and   r +  ,   r −   denote the electrode coordinates from where the current is sourced and sinked, respectively. It is also found that


   u o   (  r ′  ;  r +  ,  r −  )  =  I  σ o    G  ( r ,  r +  )  − G  ( r ,  r −  )   .  



(31)







We then express the logarithm of conductivity as follows:


  ln  σ (  r ′  )  = ln  (  σ o  )  +  ∑  j = 1  L   c j  θ  (  r ′  ,  r J  )  ,  



(32)




where   r J   is the jth pixel’s center point. The RBF  θ  is selected according to the following generalized form:


  θ  (  r ′  ,  r J  )  = e x p  −     r ′  −  r J    p 1    p 1  /  p 2     2  D 2     ,  



(33)




where    p 1  > 0   and    p 2  > 0   are integers (  p 1   even), and D is a parameter which adjusts the RBF’s width. By discretizing (30), replacing the conductivity logarithm with (32) and taking the electrodes voltages’ differences, according to the measurement pattern adopted and the method described in [34], we are led to a linear system of equations


   M o  c = δ U ,  



(34)




where    M o  ∈  R  N m × L     is the system matrix,   c =   [  c j  ]   j = 1  L  ∈  R  L × 1     is the weighting coefficients’ vector and   δ U ∈  R  N m × 1     denotes the numerically expected electrode potentials’ differences. Adopting the measurement model described by (9), we treat the inverse problem as a minimization of the following WLS objective function:


  F  ( c )  =    M o  c − δ V  W 2  +  λ 2  P  ( c )  .  



(35)







The minimization of (35) can be performed with the traditional   L 2   or   L 1  -norm regularized approaches [34]. Unlike  J , the matrix   M o   occurs directly from the discretization of (30) without the assumption of   ln  ( σ  (  r ′  )  )  ≃ σ  (  r ′  )  − 1   near   σ o  . Hence, the expression of the boundary voltages as a function of conductivity is more accurate, leading to a faster convergence of the inverse solution. We note that the Green’s function G and its gradient can be separately precomputed either analytically for canonical geometries or by using the F.E.M. or the finite difference method (F.D.M.) (at the same discretization mesh as MoM) to solve the Laplace equation for the potential and the field for non-canonical geometries.



In this particular work, we make use of an SBL formulation [30] to minimize (35). To this point, we interpret the objective function in a Bayes log-likelihood context


   F B   ( c )  = ln p  ( δ V | c )  + λ ln p  ( c ; Θ )  ,  



(36)




where  Θ  is a set of hyperparameters. Considering that  c  is a superposition of some clusters overlapping each other with an equal size h, and   g = L − h + 1   is the total number of clusters, the following factorization is performed:


  c = Ψ x =  [  Ψ 1  , . . . ,  Ψ g  ]    [   x 1  T  , . . . ,   x g  T  ]  T  ,  



(37)




where    x i  ∈  R  h × 1     and    Ψ i  =    0  ( i − 1 ) × h  T   I  h × h    0  ( L − i − h + 1 ) × h  T   T  ∈  R  L × h    . The Gaussian noise model (9) is approximated as


  δ V =  M o  c +  e n  =  M o  Ψ x +  e n  .  



(38)







We also define   Φ =  M o  Ψ ∈  R  N m × g h    . Furthermore, we assume that the weight vector   x ∈  R  g h × 1     obeys the following Gaussian distribution:


  p  x ;   {  γ i  ,  B i  }   i = 1  g   = N  0 ,  Σ 0    



(39)




with zero mean value and    Σ 0  ∈  R  g h × g h     covariance matrix.



Considering the hyperparameters   Θ = {  γ o  ,   {  γ i  ,  B i  }   i = 1  g  }   and adopting the expectation-minimization (EM) method, as in [30], we get an a posteriori estimation of the weight vector’s  x  mean values vector    μ x  ∈  R  g h × 1     and covariance matrix    Σ x  ∈  R  g h × g h    . Hence, we get a maximum a posteriori (MAP) estimation of  x . For clarity, we summarize the SBL process in Algorithm 1.



The updating rule for   γ i   is based on the majoration-minimization method [26,43]. In addition, instead of the linearized Jacobian matrix, we use the PM-MoM   M o   system matrix as an input in order to limit the problem’s non-linearity effect and avoid the necessity of recalculating  J .



The SBL method shows increased robustness to noise and modeling errors, while the reconstruction artefacts are minimized. Furthermore, unlike the traditional regularized schemes, the choice of the hyperparameter h (number of clusters) slightly affects the reconstruction quality [30]. Hence, the cumbersome and non-trivial process of hyperparameter selection is avoided. Moreover, the regular “moment” grids used in PM-MoM are suitable for performing sparse-based reconstructions. However, despite recent developments, the SBL methods are overall characterized by high complexity. For instance, the SBL approach applied presents a complexity of   O (  N 2   m 2  g h )   per iteration. Nevertheless, avoiding the search process for optimal hyperparameters partially reduces the increased complexity effects. A simplified flow chart of the whole PM-MoM SBL, as well as an example of a domain’s clustering, are depicted in Figure 1. The SBL approach adopted in this particular paper is in the form used in [30]. However, some modified SBL approaches using approximate message passing (AMP) to accelerate the E-step of the algorithm have been researched for   3 D   imaging [31], frequency-difference EIT [32] and multiple measurement vector (MMV) time-sequence measurements [33]. Such techniques can also be appropriately combined with the PM-MoM in a similar manner.






	Algorithm 1: Sparse Bayesian learning (SBL).



	
Inputs:  M o  ,   δ V  , h,   ϵ  m i n   ,   i  m a x   



Initialize:  ϵ = 1  ,   κ = 0  ,    μ x  =  0  g h × 1    ,    Σ x  =  0  gh × gh    ,   γ = diag  (  I  g × g   )  ∈  R  g × 1    ,



    γ o  = 0.01 ×    1  N m − 1    ∑  j = 1   N m     | δ  V j  −   δ V  ¯  |  2      ,    B i  = Toeplitz   1 ,  ζ 1  , . . . ,  ζ  h − 1      ,   ζ = 0.9  ,  Ψ ,



   Σ 0  =       γ 1   B 1        . . .       0  h × h        . . .       . . .       . . .        0  h × h         . . .        γ g   B g        ,   Φ =  M o  Ψ  ,    Σ u  =  γ o   I  N m × N m   + Φ  Σ o   Φ T   ,     B i  ˜  =  B i   .



LOOP:



While   ϵ >  ϵ  m i n     and   κ ≤  κ  m a x     do



1.          μ x  : =  Σ o   Φ T   Σ u  − 1     



2.          Σ x  : =  Σ 0  −  Σ 0   Φ T   Σ u  − 1   Φ  Σ 0    



3.          γ o  : =  1  N m      δ V − Φ  μ x   2 2  +  ∑  i = 1  g  tr   Σ x i   Φ i T   Φ i      



4.          γ i  : =  γ i  ·      B i    Φ i T   Σ u  − 1   δ V  2    tr   Φ i T   Σ u  − 1    Φ i   B i        ,    for each cluster   i ∈ { 1 , . . . , g }  .



5.            B i  ˜  : =   B i  ˜  +  1  γ i      Σ x  i  +   μ x  i      μ x  i   T     ,    for each cluster   i ∈ { 1 , . . . , g }  .



6.            r ˜  i  : =    diag    B i  ˜  , 1   ¯    diag    B i  ˜    ¯     ,    for each cluster   i ∈ { 1 , . . . , g }  .



7.           r i  : = sign  (   r ˜  i  )  · min  {  |   r ˜  i  |  , 0.99 }    ,    for each cluster   i ∈ { 1 , . . . , g }  .



8.           B i  : = Toeplitz    r i 0  , . . . ,  r i  h − 1       ,    for each cluster   i ∈ { 1 , . . . , g }  .



9.       Update    Σ 0    and    Σ u   .



10.          ϵ =     μ x  n e w   −  μ x  p r e v    2     μ x  n e w    2     



11.         κ : = κ + 1  



End



Output:     c *  = Ψ  μ x   



Estimate   σ ( r )   using (32) and (33).











4. Evaluation Methods


In this section, the thoracic structures’ extraction and the corresponding tissues’ electrical properties are demonstrated. In addition, the evaluation metrics, including GREIT FoMs with minor modifications, the Pearson   C C  , the   R M S E   and the recently proposed   F R   are briefly explained. Finally, an in vivo online available dataset demonstrating a subject’s full-breath cycle is briefly described.



4.1. Thoracic Structures


To examine and compare the previously described algorithms’ performance in dynamic imaging, we have created 3   3 D   fine F.E. thoracic structures based on 3 CT-images of 3 corresponding different healthy adult male subjects. The CT images were taken between the third and the fourth intercostal levels and are included in a large medical database which is available online in [44]. The   3 D   models have been created in MATLAB using the EIDORS and the NETGEN software [45,46] and include the following tissues: left lung, right lung, heart, vertebra and skin, while muscle is assumed to be the background.



For each structure, 5 breath-cycle states have been considered from end-expiration (deflated) to end-inspiration (inflated). Hence, a total number of 15 F.E. models have been created, demonstrating 3 subjects’ cases in 5 breath-cycle states. Each state presents chest boundary changes (a total change of 5–  8 %   of the chest’s width) and lung shape changes (total expansion 10–  15 %   of the lungs’ width at the inflated state) [12]. The lungs’ admittance changes between the states have also been considered.



The tissues’ admittance values are loaded from an open-source database, demonstrated in [47,48,49]. All admittance values depend on the selected current signal frequency f in which the EIT measurements are performed, while the lungs’ admittances also depend on the breathing state. For this particular work, we assume   f = 100   kHz, which is in the range of the current frequencies used for dynamic lung imaging. This is actually a common frequency choice for such applications [7,50,51]. Nevertheless, higher frequencies, such as those applied in high-performance modern EIT systems [7,9], can be also considered. Furthermore, to take into account each tissue’s inhomogeneity, the following standard deviations (  s t d  ) of the admittance values assigned to each tissues’ elements have been taken into account:   1 %   for the skin,   2 %   for the heart and the muscle background and   3 %   for both lungs. These values fall within the range depicted in the mentioned database.



The conductivity and permittivity values assigned to each tissue at 100 kHz, as well as their   s t d   are shown in Table 1. For the lungs, the deflated and inflated states’ values were taken from [47,48,49]. To find the intermediate states’ values, we firstly assumed that the lungs’ volumes increase linearly over time during the inhalation process [52]. A relative (arbitrary unit—A.U.) volume has been defined as follows:


   F i  =  3  P + 1   i +  3  P − 1   + 4 ,   for   1 ≤ i ≤ P ,  



(40)




where P is the total number of states from end-expiration to the end-inspiration. In our case,   P = 5  . In actuality, the lungs’ volume change is more complex and heavily depends on each particular breath. The main changes in the lungs’ admittance occur due to the air-flow. The lungs’ conductivity as a function of their volume can be expressed by [52,53]


   σ l  =  K 1     0.85  s b   w  + 0.03  s i     32 F + 4.5    ( 32 F + 9 )  2   +  K 2  ,  



(41)




where   s b  , w and   s i   are lung morphological parameters described in [53], with their values selected to be    s b  = 0.5  ,   w = 1.5   and    s i  = 2  . In addition,   K 1   and   K 2   are coefficients used to scale the lungs’ conductivity between the known values and end-inspiration and end-expiration. The permittivity of the lungs is correspondingly defined as [53]


   ϵ l  =  L 1     0.85  e  r b    w  + 780  F  1 / 3    e  r m      32 F + 4.5    ( 32 F + 9 )  2   +  L 2  ,  



(42)




where   e  r b    and   e  r m    are also lung morphological parameters described in [53], with their values selected at    e  r b   =  10 4    and 10, respectively. Furthermore,   L 1   and   L 2   are scaling coefficients. We note that blood-cycle related changes have not been taken into consideration, since the   H R   frequency is 3–6 times higher than the breath frequency.



In each case (1–3), the boundary extracted from the corresponding CT image is used as a cross-section to create the   3 D   F.E. structure. For each structure, a height of   h = 1   A.U. has been considered, while the x-axis limits have been normalized between   − 1   and 1 A.U. A number of   N = 16   circular electrodes of radius    R  e l   = 0.05   A.U. have been placed at the   z = 1 / 2   A.U. level. In addition, an electrode position error has been added:   5 %   height   s t d   and   3 %   angle   s t d  , since this is a more realistic case.



The thoracic structures are demonstrated in Figure 2, Figure 3 and Figure 4. Their boundary and lungs’ shape changes are demonstrated at the cross-section level in Figure 5. Finally, the numbers of each model’s tetrahedral elements and nodes are shown in Table 2.



To simulate the measurements, the adjacent (skip-0) current and voltage measurement pattern was considered [36,54], while a Gaussian noise of   − 50  dB   S N R   was added to the extracted raw signals. The EIDORS library tool in MATLAB was used to perform the simulations [45].




4.2. Reconstruction Domain


When the EIT image reconstruction is performed using simulated models, we need to avoid inverse crime. This occurs when the simulated model’s and the reconstruction domain’s mesh or boundary is equal [55]. Instead, the reconstruction needs to be performed on a significantly different mesh, usually coarser than the simulated model’s one.



In this work, all the image reconstructions are performed on a   2 D   coarse thoracic-shaped domain, called  Ω , which presents a different boundary than any of the original model’s boundaries. For the FEM-based reconstruction approaches, the domain contains   L = 1024   triangular elements and    n e  = 545   nodes. The shunt electrode model has been assumed to simulate the electrodes’ effects [35,56]. Furthermore, for the PM-MoM reconstructions, a   L = 1060   uniform pixel grid has been used, considering the electrodes as points [57]. The reconstruction domain for the two discretizations is shown in Figure 6.




4.3. Reference Image Extraction


In order to perform a quantitative evaluation of EIT imaging, a corresponding “ground truth” reference image has to be defined on the reconstruction domain  Ω . However, the simulated models have completely different shapes and discretization meshes compared to  Ω  in both the standard FEM and MoM reconstruction cases. In order to “match” the simulated models with the reconstruction domain, the approach presented in [58] is adopted.



This approach considers that the simulated models’ shape in all three cases is not constant, as well as that difference-EIT imaging is performed. Hence, we firstly get five absolute reference images, each one representing a particular state. Then we take the differences between the 2nd–5th images and the 1st “reference frame”, resulting in 4 reference images.



Each “true boundary” domain    Ω ˜   k , l   ,   k = { 1 , 2 , 3 }  ,   l = { 1 , 2 , . . . , 5 }   is extracted from the   3 D   models’ electrodes’ cross-section plane. Then, we scale  Ω  and each    Ω ˜   i , j    in the x-axis by normalizing its limits between   − 1   and 1. We secondly define   A i   as the  Ω  ith-element’s/pixel’s area, with   i = { 1 , 2 , . . . , L }  . Then, the percentage of   A i   which is within the curves defined by the following six tissues, left lung, right lung, vertebra, heart, skin and muscle, is expressed as a weight vector,


   w  k , l  i  =   [  w  j , k , l  i  ]   j = 1  6  ∈  R  +   6 × 1   ,  



(43)




for the kth case and lth state. At this point, we define the vector


   γ  t , l   =   [  γ  j , l   ]   j = 1  6  ∈  C  1 × 6   ,  



(44)




which represents the mean admittances for each one of the 6 mentioned tissues at the lth state. Then, the ith element’s or pixel’s reference admittance is estimated as follows:


   γ  r , k , l , i   =  γ  t , l   ·  w  k , l  i  ∈ C .  



(45)







The kth case, lth state (absolute) reference admittance vector is then defined as


   γ  r , k , l   =   [  γ  r , k , l , i   ]   i = 1  L  ∈  C  L × 1   .  



(46)







For each image frame, we get the following difference reference admittance vector:


  δ  γ  r , k , l + 1   =  γ  r , k , l + 1   −  γ  r , k , 1   ,  



(47)




where   δ  γ  r , k , l + 1   ∈  C  L × 1     for   l = { 1 , 2 , 3 , 4 }  , assuming the kth case.



A simple example of this process and the F.E.M. reference images for   k = 1   are demonstrated in Figure 7.




4.4. Figures of Merit


To quantitatively evaluate the EIT reconstructions, we use the following five GREIT FoM: target amplitude—  T A  , position error—  P E  , shape deformation—  S D  , resolution—  R E S   and ringing—  R N G   [19]. These have been properly adapted to the examined thoracic cases. Furthermore, the   C C  , the   R M S E   and the   F R   metrics are applied.



4.4.1. Target Amplitude—  T A  


Assume   δ  σ *  ∈  R  L × 1     isthe conductivity difference estimated from the EIT reconstructions. The   T A   can be defined as the normalized summary of elements’/pixels’ amplitudes in the image,


  T A =    ∑  i = 1  L  δ  σ  * , i     max  { | δ  σ  * , i   | }    .  



(48)







  T A   is a FoM similar to the amplitude response—  A R  , which is considered to be the most important GREIT FoM [19]. Its absolute value should be relatively low and stable during the breath process. When admittance values are reconstructed,   T A   can be estimated by taking only the real values.




4.4.2. Position Error—  P E  


The position error—  P E  —shows the precision of the reconstructed inclusions’ center of gravity. In our case, we define the right and the left lung as the corresponding inclusions. Then, we get two   P E   values:


  P  E  L L   =  |  r tLL  −  r iLL  |  ,  



(49)




for the left lung, where   r tLL   is the true center of the left lung and   r iLL   is the reconstucted left lung’s center, and


  P  E  R L   =  |  r tRL  −  r iRL  |   



(50)




for the right lung, where   r tRL   is the true center of the right lung, and   r iRL   is the reconstucted right lung’s center. The total   P E   is given by


  P E = P  E  L L   + P  E  R L   .  



(51)







To detect an inclusion as “lung”, we first filter the reconstructed image, setting all the elements’/pixels’ absolute values that are below a selected threshold (  − 1 / 4   of the maximum absolute value) to zero and all non-zero values to 1. We denote    x f  ∈  R  L × 1     as the filtered image conductivity distribution, where


   x  f i   =     1    if   δ  σ  * , i   ≤ − 1 / 4 max  { | δ  σ *  | }       0   otherwise      



(52)







Secondly, the left and right lung inclusions are separated in the reconstructed image with a y-axis line, as shown in Figure 8.




4.4.3. Shape Deformation—  S D  


Shape deformation—  S D  —denotes the percentage of the reconstructed and filtered inclusion which is not within the “true lung’s” boundary. Assume   L L   and   R L   are the “true” left and right lungs’ domains, respectively. If   x f   is the filtered reconstructed image conductivity distribution, we get


  S  D  L L   =    ∑  i ∉ L L    x  f  i , l e f t     A i     ∑  i ∈ L L    x  f  i , l e f t     A i     



(53)




for the left lung and for each element/pixel left from the y-axis with an area   A i   (see Figure 8). For the right lung we have


  S  D  R L   =    ∑  i ∉ R L    x  f  i , r i g h t     A i     ∑  i ∈ R L    x  f  i , r i g h t     A i     



(54)




for each element/pixel right from the y-axis with an area   A i  .



The total   S D   is given by


  S D =    ∑  i ∉ L L    x  f  i , l e f t     A i  +  ∑  i ∉ R L    x  f  i , r i g h t     A i     ∑  i ∈ L L    x  f  i , l e f t     A i  +  ∑  i ∈ R L    x  f  i , r i g h t     A i    .  



(55)







  S D   should also be low and stable.




4.4.4. Resolution—  R E S  


If   A  L L    represents the reconstructed left lung inclusion’s area,   A  R L    is the reconstructed right lung inclusion’s area and   A o   is the  Ω  area, the resolution—  R E S  —is given by


  R E S =     A  L L   +  A  R L     A o    .  



(56)







We can estimate   A  L L    and   A  R L    from the following expressions


   A  L L   =  ∑  i ∈ L L    x  f  i , l e f t     A i   



(57)




and


   A  R L   =  ∑  i ∈ R L    x  f  i , r i g h t     A i  ,  



(58)







  R E S   should be low and uniform [19].




4.4.5. Ringing—  R N G  


Ringing—  R N G  —demonstrates whether the reconstructed inclusion causes areas of opposite sign near the target inclusion. It is given by


  R N G =    ∑  i ∉ L L & i ∉ R L & δ  σ  * , i   < 0   δ  σ  * , i      ∑  i ∈ L L   δ  σ i  +  ∑  i ∈ R L   δ  σ  * , i     .  



(59)







  R N G   is an important GREIT FoM, since in dynamic lung image reconstructions, conductive areas often appear between the lungs that are sometimes wrongly recognized as “heart” [19]. It should also be low and as stable as possible.



Apart from the above GREIT parameters, we also apply the following FoM.




4.4.6. Pearson Correlation Coefficient—  C C  


The Pearson correlation coefficient—  C C  —is one of the most common metrics that quantify an image’s quality. It indicates the similarity between a “ground truth” reference image and the reconstructed image. It is given by


  C C =   Cov ( δ  σ *  , δ  σ r  )   std  ( δ  σ *  )  std  ( δ  σ r  )    ,  



(60)




where   δ  σ r  = R e  { δ  γ r  }    for each particular case k and state l.




4.4.7. Root Mean Square Error—  R M S E  


An additional FoM used for the image evaluation is the well-known   R M S E  , which is estimated according to the following formula:


  R M S E =     ∑  i = 1  L    δ  σ  r , i   − δ  σ  * , i    2   L   .  



(61)








4.4.8. Full Reference—  F R  


This metric was recently proposed as a universal FoM for EIT systems’ evaluation on the reconstructed images [59]. It has been extensively presented and applied in phantom experimental setups. However, this is the first time that   F R   is applied in dynamic thoracic models.



To estimate   F R  , the normalization of the reference images   δ  σ r    and the reconstructed images   δ  σ *    (element/pixel) data between   − 1   and 1 needs to be performed. We define as   EDref ∈  R  L × 1     the normalized reference image data and   EDtest ∈  R  L × 1     the normalized reconstructed image data.The global   F R   (  G F R  ) is defined as follows:


  G F R = 0.5 ·  ∑  i = 1  L   | E D r e  f i  − E D t e s  t i  |  .  



(62)







We also define the local   F R  s for the left and the right lungs, respectively, as


  F  R  L L   = 0.5 ·  ∑  i ∈ L L    | E D r e  f i  − E D t e s  t i  |   



(63)




and


  F  R  R L   = 0.5 ·  ∑  i ∈ R L    | E D r e  f i  − E D t e s  t i  |   



(64)







Both local and global   F R   indicate a high-quality reconstruction when they take low values.





4.5. In Vivo Data


A qualitative comparison is attempted using online available in vivo EIT data [45]. This data consists of 34 data frames of a single breath cycle captured by the 16-electrode serial-data EIT Scanner [60] using the adjacent current and voltage measurement pattern. This system performs demodulation of the input signal with an AM signal of a higher order of magnitude frequency than that of the electrode voltage signal. The injected current frequency (carrier) signal was set at 65 kHz. Since difference-EIT imaging is performed, the first frame is used as reference, resulting in 33 image reconstructions.





5. Results and Discussion


Image reconstructions were performed for the 3 structures presented in Section 4.1, considering each one of the 5 mentioned breathing states and resulting 4 images per structure. Reconstructions were also performed for the in vivo data described in Section 4.5, resulting in 33 EIT images. The regularization scheme-based approaches described in Section 2.4, the MoM-regularized approach, as well as the proposed MoM SBL approach described in Section 3 were used. Particularly for the multiple priors difference non-linear approach (N.L.D.), we consider that the ROI where   δ  σ  R O I     occurs is equal to  Ω , since the “lungs” area covers a significant part of  Ω  [12].



For all cases, the reconstruction hyperparameter  λ  value, as well as the  μ ,  β  and h parameters’ values (for the movement-prior, TV and PM-MoM SBL reconstructions, respectively) were heuristically selected, as shown in Table 3. The selection of  λ  was performed in such a way that   C C   is maximized. Although some methods for the  λ  selection, such as the L-curve, the noise figure (NF) and the BestRes calibration methods [19,61], have been proposed, this process is beyond this work’s scope. Finally, for the PM-MoM SBL, we set the maximum number of iterations   κ  m a x    to 5 and the minimum tolerance   ϵ  m i n    to   10  − 5   .



5.1. Simulation Results


The resulting image reconstructions and the FoM values demonstrating the simulated cases are depicted in Figure 9, Figure 10, Figure 11, Figure 12, Figure 13 and Figure 14. Specifically, the image reconstructions that represent each one of the structures 1–3 are shown in Figure 9, Figure 11 and Figure 13, respectively. We define the reference image extracted according to the process described in Section 4.3 as the ”true” image. Furthermore, the corresponding FoM values obtained are demonstrated in Figure 10, Figure 12 and Figure 14, respectively.



A visual inspection of the images which resulted from the 1st structure (Figure 9) shows that the air-filled lungs are successfully detected from all the approaches. However, the lungs’ shape and area is deformed, while “pseudo-heart” and boundary artefacts often appear. Such effects are less intense in the MoM Laplace and the MoM SBL cases. As we proceed to the full-inhalation state, the conductivity contrast increases, resulting overall in increased absolute   T A  ,   P E   and sometimes   R N G   (Figure 10). At the same time, both local and global   F R   decrease, while non-significant changes occur at the   R E S  ,   S D   and   C C  . The   R M S E   value remains almost constant for all the approaches, except for the   T V  , where it decreases. Comparing the metric values for each algorithm, better results are obtained by the PM-MoM SBL approach, which shows the lowest and most uniform absolute   T A  , the lowest   P E  ,   R E S  ,   S D  ,   R M S E   and   G F R   and the highest   C C  , followed by the PM-MoM regularization approach.



The images obtained from the simulations of the second structure (Figure 11), which is characterized by closer distance between the lungs, show almost all the artefacts near the boundary instead of between the lungs. The PM-MoM SBL method also shows less intense artefacts, while, along with the regularized PM-MoM and the multiple priors N.L.D. approach, achieving the best   C C   and lower   R M S E  , local and   G F R   values (Figure 12). The proposed method also achieves the lowest absolute and most constant   T A  ,   R E S   and   S D  . However, the best local   F R   levels are extracted from the N.L.D, while the PM-MoM shows an increased   R N G   metric.



The third case results in Figure 13 are characterized by overestimation of the air-related conductivity change near the chest. This occurs due to the presence of lung tissue very close to the chest boundary, as the EIT measurements are sensitive to conductivity changes near the boundary [62]. A visual comparison of the images in Figure 13 indicates that the PM-MoM SBL method has the best performance, an absence of “positive conductivity change” artefacts and less lung deformation. Considering the quantitative results, the PM-MoM SBL approach achieves the lowest   P E  ,   R E S  ,   S D   and   R M S E   (Figure 14). Although the best   T A  ,   R N G  ,   C C   and   G F R   are demonstrated by the GN, N.L.D, N.L.D. and the regularized PM-MoM methods, respectively, the PM-MoM SBL shows the most constant   T A  , acceptable levels of   R N G  , a   C C   which is close to the best one, and the second-lowest   G F R  .




5.2. In Vivo Results


The in vivo EIT reconstructed images that demonstrate a subject’s single breath, as described in Section 4.5, are shown in Figure 15, Figure 16, Figure 17 and Figure 18. In particular, Figure 15 shows the reconstructed images using the GN and TV approaches, reviewed in Section 2.4. Figure 16 shows the reconstructed images using the movement prior linear approach, Figure 17 depicts the reconstructed images using the difference of absolute images and the multiple priors non-linear difference imaging (N.L.D.) approaches and Figure 18 demonstrates the regularized and SBL PM-MoM reconstructed images.



A qualitative observation of the images leads to the outcome that all the approaches, except for GN, are able to detect the full-inspiration state. However, the presence of ringing is significant near the centre (between the lungs) in the movement prior, GN and N.L.D. approaches. This might lead to misleading conclusions about the presence of “heart” tissue between the lungs, as mentioned above. In fact, the heart tissue is not directly detectable in difference EIT imaging, since its conductivity does not significantly change during the breath cycle. In addition, any blood-cycle-related conductivity changes are synchronized with the heart rate   H R  , while the “pseudo-heart” inclusion is synchronized with the breath cycle. Meanwhile, the TV, difference of absolute images and both PM-MoM approaches demonstrate boundary “positive conductivity change” artefacts which are related to the mismatch between the patients’ thoracic shape and   ∂ Ω  . This effect is less intensive in the regularized PM-MoM, PM-MoM SBL, the difference of absolute images and the TV methods, which overall perform better than GN, N.L.D. and movement prior. However, the TV method appears to underestimate the lungs’ area in relation to the total thoracic area. We also observe that the inequality between the lungs’ volumes is successfully detected by most of the approaches (except for TV), but is more clear when enacting PM-MoM (regularized or SBL), difference of absolute images and N.L.D.




5.3. Discussion


In this work, a proposed EIT reconstruction method, which combines PM-MoM for the system matrix formulation and SBL for the inverse problem solution, is applied to dynamic thoracic imaging. A number of evaluation criteria is adopted, and an extensive comparison is performed with numerous state-of-the art approaches. Qualitative and quantitative studies have been performed on 3D time-variant non-homogeneous thoracic models. In vivo imaging of a patient’s full-breath cycle has also been applied.



The qualitative results both in the simulation (Figure 9, Figure 11 and Figure 13) and the in vivo studies (Figure 15, Figure 16, Figure 17 and Figure 18) reveal that, overall, the proposed PM-MoM SBL approach shows a better spatial resolution than both the traditional and some more advanced linear and non-linear EIT reconstruction methods, as well as the regularized PM-MoM method. This is confirmed quantitatively in Figure 10, Figure 12 and Figure 14 for the simulated cases. In all three subject-cases, the PM-MoM SBL outperforms the other approaches in most of the FoMs.



It is worthwhile to mention that, of the other approaches, the regularized PM-MoM appears to be the most efficient. In addition, the more recently proposed movement prior, difference of absolute images and multiple priors N.L.D. apaproaches appear to outperform the traditional GN and TV methods.



Considering the time needed for the reconstructions, the best performance (about 50 ms per frame) is achieved by the regularized PM-MoM when using the Laplace   L 2  -norm prior with a single step. The movement prior linear approach needs about the same amount of time per reconstruction, while the non-linear GN and TV methods need significantly more time (about 4 to 6 seconds, depending on the number of iterations needed). Due to the relatively high complexity of SBL (  O (  N 2   m 2  g h )   per iteration), the PM-MoM SBL approach needs, on average,   5.6   s per image frame reconstruction, when   h = 4  ,   N = 16  ,   m = 13  ,   g = 1055   and the number of iterations is 5. However, despite the time needed for PM-MoM SBL, the hyperparameter selection process, which is usually time-consuming, is avoided, contrary to the regularization approaches. Finally, the difference of absolute images as well as the multiple priors N.L.D. approaches require significantly longer times to reconstruct the images. The times mentioned above have been achieved using an AMD Ryzen 5 3600 system.



In conclusion, the PM-MoM SBL approach outperforms the regularized MoM one regarding the images’ quality and spatial resolution. Additionally, there is no need for hyperparameter selection, which partially reduces the SBL process complexity effect on execution time. The PM-MoM SBL can be directly applied either for offline imaging (after collecting the measurements) or online on particular breath states where the lung conductivity change is significant. Another choice for faster online imaging is to reduce either the maximum number of iterations   κ  m a x    or tolerance   ϵ  m i n    (see Algorithm 1). It is worthwhile to mention that further research on optimizing the SBL approaches’ complexity, as well as evolution in hardware, might improve the total time needed per image reconstruction.





6. Conclusions


An EIT reconstruction approach based on a method of moment which expresses the conductivity logarithm with radial basis functions and an SBL method was applied to dynamic EIT lung imaging. In this study, 3D CT-based F.E. thoracic cavities considering 5 breath cycle states and the basic thoracic tissues were developed to simulate the measuring process. Quantitative evaluation was performed using a variety of metrics, and an extensive comparison with other reconstruction approaches took place. In vivo imaging using online available data was also carried out. The results show that the proposed (PM-MoM SBL) approach appears to improve spatial resolution in the reconstructed EIT images. Furthermore, despite the method’s high time complexity, the lack of necessity for hyperparameter selection reduces the effects of this disadvantage. Future research must be performed in the following directions: A) Optimization of the SBL algorithm in terms of imaging quality and time complexity; and B) Application in 3D multi-layer EIT imaging.







Author Contributions


Investigation, C.D., V.A. and N.U.; Writing–original draft, C.D. and V.A.; Writing–review and editing, C.D., V.A. and P.P.S. All authors have read and agreed to the published version of the manuscript.




Funding


This research is co-financed by Greece and the European Union (European Social Fund- ESF) through the Operational Programme ”Human +Resources Development, Education and Lifelong Learning” in the context of the project ”Strengthening Human Resources Research Potential via Doctorate Research” (MIS-5000432), implemented by the State Scholarships Foundation (IKY).




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


The data used in this study are openly available in Public Lung Database to address drug response (PLD) at 10.1109/IEMBS.2009.5334807, reference number [44].




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Holder, D.S. (Ed.) Electrical Impedance Tomography: Methods, History and Applications; CRC Press: Boca Raton, FL, USA, 2004. [Google Scholar]

	



Brabant, O.; Crivellari, B.; Hosgood, G.; Raisis, A.; Waldmann, A.D.; Auer, U.; Adler, A.; Smart, L.; Laurence, M.; Mosing, M. Effects of PEEP on the relationship between tidal volume and total impedance change measured via electrical impedance tomography (EIT). J. Clin. Monit. Comput. 2021, 2021, 1–10. [Google Scholar] [CrossRef] [PubMed]

	



Bachmann, M.C.; Morais, C.; Bugedo, G.; Bruhn, A.; Morales, A.; Borges, J.B.; Costa, E.; Retamal, J.; Retamal, J. Electrical impedance tomography in acute respiratory distress syndrome. Crit. Care 2018, 22, 263. [Google Scholar] [CrossRef] [PubMed]

	



XMurphy, E.K.; Takhti, M.; Skinner, J.; Halter, R.J.; Odame, K. Signal-to-noise ratio analysis of a phase-sensitive voltmeter for electrical impedance tomography. IEEE Trans. Biomed. Circuits Syst. 2016, 11, 360–369. [Google Scholar]

	



Takhti, M.; Odame, K. Structured design methodology to achieve a high SNR electrical impedance tomography. IEEE Trans. Biomed. Circuits Syst. 2019, 13, 364–375. [Google Scholar] [CrossRef] [PubMed]

	



Wi, H.; Sohal, H.; McEwan, A.L.; Woo, E.J.; Oh, T.I. Multi-Frequency Electrical Impedance Tomography System With Automatic Self-Calibration for Long-Term Monitoring. IEEE Trans. Biomed. Circuits Syst. 2013, 8, 119–128. [Google Scholar]

	



Mellenthin, M.M.; Mueller, J.L.; De Camargo, E.D.L.B.; De Moura, F.S.; Santos, T.B.R.; Lima, R.G.; Alsaker, M. The ACE1 electrical impedance tomography system for thoracic imaging. IEEE Trans. Instrum. Meas. 2018, 68, 3137–3150. [Google Scholar] [CrossRef]

	



Wu, Y.; Jiang, D.; Bardill, A.; De Gelidi, S.; Bayford, R.; Demosthenous, A. A high frame rate wearable EIT system using active electrode ASICs for lung respiration and heart rate monitoring. IEEE Trans. Circuits Syst. Regul. Pap. 2018, 65, 3810–3820. [Google Scholar] [CrossRef]

	



Wu, Y.; Jiang, D.; Bardill, A.; Bayford, R.; Demosthenous, A. A 122 fps, 1 MHz bandwidth multi-frequency wearable EIT belt featuring novel active electrode architecture for neonatal thorax vital sign monitoring. IEEE Trans. Biomed. Circuits Syst. 2019, 13, 927–937. [Google Scholar] [CrossRef]

	



Grychtol, B.; Lionheart, W.R.; Bodenstein, M.; Wolf, G.K.; Adler, A. Impact of model shape mismatch on reconstruction quality in electrical impedance tomography. IEEE Trans. Med Imaging 2012, 31, 1754–1760. [Google Scholar] [CrossRef] [PubMed]

	



Grychtol, B.; Adler, A. Uniform background assumption produces misleading lung EIT images. Physiol. Meas. 2013, 34, 579–593. [Google Scholar] [CrossRef] [PubMed]

	



Liu, D.; Kolehmainen, V.; Siltanen, S.; Laukkanen, A.M.; Seppänen, A. Nonlinear difference imaging approach to three-dimensional electrical impedance tomography in the presence of geometric modeling errors. IEEE Trans. Biomed. Eng. 2015, 63, 1956–1965. [Google Scholar] [CrossRef]

	



Adler, A.; Amyot, R.; Guardo, R.; Bates, J.H.T.; Berthiaume, Y. Monitoring changes in lung air and liquid volumes with electrical impedance tomography. J. Appl. Physiol. 1997, 83, 1762–1767. [Google Scholar] [CrossRef] [PubMed]

	



Vauhkonen, M.; Vadász, D.; Karjalainen, P.A.; Somersalo, E.; Kaipio, J.P. Tikhonov regularization and prior information in electrical impedance tomography. IEEE Trans. Med. Imaging 1998, 17, 285–293. [Google Scholar] [CrossRef]

	



Cheney, M.; Isaacson, D.; Newell, J.C.; Simske, S.; Goble, J. NOSER: An algorithm for solving the inverse conductivity problem. Int. J. Imaging Syst. Technol. 1990, 2, 66–75. [Google Scholar] [CrossRef]

	



Adler, A.; Guardo, R. Electrical impedance tomography: Regularized imaging and contrast detection. IEEE Trans. Med. Imaging 1996, 15, 170–179. [Google Scholar] [CrossRef]

	



Soleimani, M.; Gómez-Laberge, C.; Adler, A. Imaging of conductivity changes and electrode movement in EIT. Physiol. Meas. 2006, 27, S103–S113. [Google Scholar] [CrossRef] [PubMed]

	



Biguri, A.; Grychtol, B.; Adler, A.; Soleimani, M. Tracking boundary movement and exterior shape modelling in lung EIT imaging. Physiol. Meas. 2015, 36, 1119–1135. [Google Scholar] [CrossRef] [PubMed]

	



Adler, A.; Arnold, J.H.; Bayford, R.; Borsic, A.; Brown, B.; Dixon, P.; Faes, T.J.; Frerichs, I.; Gagnon, H.; Gärber, Y.; et al. GREIT: A unified approach to 2D linear EIT reconstruction of lung images. Physiol. Meas. 2009, 30, S35–S55. [Google Scholar] [CrossRef]

	



Hua, P.; Woo, E.J.; Webster, J.G.; Tompkins, W.J. Iterative reconstruction methods using regularization and optimal current patterns in electrical impedance tomography. IEEE Trans. Med. Imaging 1991, 10, 621–628. [Google Scholar] [CrossRef]

	



Borsic, A.; Graham, B.M.; Adler, A.; Lionheart, W.R. Total Variation Regularization in Electrical Impedance Tomography; MIMS Preprint; The University of Manchester: Manchester, UK, 2007. [Google Scholar]

	



Borsic, A.; Graham, B.M.; Adler, A.; Lionheart, W.R. In vivo impedance imaging with total variation regularization. IEEE Trans. Med. Imaging 2009, 29, 44–54. [Google Scholar] [CrossRef]

	



Zhou, Z.; Dos Santos, G.S.; Dowrick, T.; Avery, J.; Sun, Z.; Xu, H.; Holder, D.S. Comparison of total variation algorithms for electrical impedance tomography. Physiol. Meas. 2015, 36, 1193–1209. [Google Scholar] [CrossRef] [PubMed]

	



Liu, D.; Kolehmainen, V.; Siltanen, S.; Seppanen, A. Estimation of conductivity changes in a region of interest with electrical impedance tomography. Inverse Probl. Imaging 2015, 9, 211–229. [Google Scholar] [CrossRef]

	



Wang, Q.; Wang, J.; Li, X.; Duan, X.; Zhang, R.; Zhang, H.; Duan, X.; Zhang, R.; Zhang, H.; Ma, Y.; et al. Exploring Respiratory Motion Tracking through Electrical Impedance Tomography (EIT). IEEE Trans. Instrum. Meas. 2021, 70, 1–12. [Google Scholar]

	



Zhang, Z.L.; Rao, B.D. Extension of SBL algorithms for the recovery of block sparse signals with intra-block correlation. IEEE Trans. Signal Process. 2013, 61, 2009–2015. [Google Scholar] [CrossRef]

	



Fang, J.; Shen, Y.N.; Li, H.B.; Wang, P. Pattern-coupled sparse Bayesian learning for recovery of block-sparse signals. IEEE Trans.Signal Process. 2013, 63, 360–372. [Google Scholar] [CrossRef]

	



Wu, Q.; Zhang, Y.D.; Amin, M.G.; Himed, B. Multi-task Bayesian compressive sensing exploiting intra-task dependency. IEEE SignalProcess. Lett. 2015, 22, 430–434. [Google Scholar]

	



Liu, S.; Jia, J.; Yang, Y. Image reconstruction algorithm for electrical impedance tomography based on block sparse Bayesian learning. In Proceedings of the 2017 IEEE International Conference on Imaging Systems and Techniques, Beijing, China, 18–20 October 2017; pp. 267–271. [Google Scholar]

	



Liu, S.; Jia, J.; Zhang, Y.D.; Yang, Y. Image reconstruction in electrical impedance tomography based on structure-aware sparse Bayesian learning. IEEE Trans. Med. Imaging 2018, 37, 2090–2102. [Google Scholar] [CrossRef]

	



Liu, S.; Wu, H.; Huang, Y.; Yang, Y.; Jia, J. Accelerated structure-aware sparse Bayesian learning for 3-D electrical impedance tomography. IEEETrans. Ind. Inf. 2019, 15, 5033–5041. [Google Scholar] [CrossRef]

	



Liu, S.; Huang, Y.; Wu, H.; Tan, C.; Jia, J. Efficient multitask structure-aware sparse Bayesian learning for frequency-difference electrical impedance tomography. IEEE Trans. Ind. Inform. 2020, 17, 463–472. [Google Scholar] [CrossRef]

	



Liu, S.; Cao, R.; Huang, Y.; Ouypornkochagorn, T.; Jia, J. Time sequence learning for electrical impedance tomography using Bayesian spatiotemporal priors. IEEE Trans. Instrum. Meas. 2020, 69, 6045–6057. [Google Scholar] [CrossRef]

	



Dimas, C.; Uzunoglu, N.; Sotiriadis, P. An efficient Point-Matching Method-of-Moments for 2D and 3D Electrical Impedance Tomography Using Radial Basis functions. IEEE Trans. Biomed. Eng. 2021. to appear. [Google Scholar] [CrossRef]

	



Somersalo, E.; Cheney, M.; Isaacson, D. Existence and uniqueness for electrode models for electric current computed tomography. SIAM J. Appl. Math. 1992, 52, 1023–1040. [Google Scholar] [CrossRef]

	



Silva, O.L.; Lima, R.G.; Martins, T.C.; De Moura, F.S.; Tavares, R.S.; Tsuzuki, M.S.G. Influence of current injection pattern and electric potential measurement strategies in electrical impedance tomography. Control Eng. Pract. 2017, 58, 276–286. [Google Scholar] [CrossRef]

	



Polydorides, N.; Lionheart, W.R. A Matlab toolkit for three-dimensional electrical impedance tomography: A contribution to the Electrical Impedance and Diffuse Optical Reconstruction Software project. Meas. Sci. Technol. 2002, 13, 1871–1883. [Google Scholar] [CrossRef]

	



Tallman, T.N.; Gungor, S.; Wang, K.W.; Bakis, C.E. Damage detection and conductivity evolution in carbon nanofiber epoxy via electrical impedance tomography. Smart Mater. Struct. 2014, 23, 045034–045042. [Google Scholar] [CrossRef]

	



Knudsen, K.; Lassas, M.; Mueller, J.L.; Siltanen, S. D-bar method for electrical impedance tomography with discontinuous conductivities. SIAM J. Appl. Math. 2007, 67, 893–913. [Google Scholar] [CrossRef]

	



Hamilton, S.J. EIT Imaging of admittivities with a D-bar method and spatial prior: Experimental results for absolute and difference imaging. Physiol. Meas. 2017, 38, 1176–1192. [Google Scholar] [CrossRef] [PubMed]

	



Mueller, J.L.; Siltanen, S. The D-bar method for Electrical Impedance Tomography—demystified. Inverse Probl. 2020, 36, 093001–093028. [Google Scholar] [CrossRef] [PubMed]

	



Hamilton, S.J.; Lionheart, W.R.B.; Adler, A. Comparing D-bar and common regularization-based methods for electrical impedance tomography. Physiol. Meas. 2019, 40, 044004–044010. [Google Scholar] [CrossRef]

	



Stoica, P.; Babu, P. SPICE and LIKES: Two hyperparameter-free methods for sparse-parameter estimation. Signal Process. 2012, 92, 1580–1590. [Google Scholar] [CrossRef]

	



Reeves, A.P.; Biancardi, A.M.; Yankelevitz, D.; Fotin, S.; Keller, B.M.; Jirapatnakul, A.; Lee, J. A public image database to support research in computer aided diagnosis. In Proceedings of the 2009 Annual International Conference of the IEEE Engineering in Medicine and Biology Society 2009, Minneapolis, MN, USA, 3–6 September 2009; pp. 3715–3718. [Google Scholar]

	



Adler, A.; Lionheart, W.R. Uses and abuses of EIDORS: An extensible software base for EIT. Physiol. Meas. 2006, 27, S25. [Google Scholar] [CrossRef] [PubMed]

	



Schöberl, J. NETGEN An advancing front 2D/3D-mesh generator based on abstract rules. Comput. Vis. Sci. 1997, 1, 41–52. [Google Scholar] [CrossRef]

	



Gabriel, S.; Gabriel, C.; Corthout, E. The dielectric properties of biological tissues: I. Literature survey. Phys. Med. Biol. 1996, 68, 2231–2249. [Google Scholar] [CrossRef]

	



Gabriel, S.; Lau, R.; Gabriel, C. The dielectric properties of biological tissues: II. Measurements in the frequency range 10 Hz to 20 GHz. Phys. Med. Biol. 1996, 41, 2251–2269. [Google Scholar] [CrossRef]

	



Gabriel, S.; Lau, R.; Gabriel, C. The dielectric properties of biological tissues: III. parametric models for the dielectric spectrum of tissues. Phys. Med. Biol. 1996, 41, 2271–2293. [Google Scholar] [CrossRef]

	



Dräger Manufacturer Brochure. Technical Datasheet: Dräger Pulmovista 500. 2010. Available online: http://www.draeger.com/sites/assets/PublishingImages/Products/rsp_pulmovista500/Attachments/rsp_pulmovista_500_pi_9066475_en.pdf (accessed on 19 November 2021).

	



Swisstom AG Manufacturer Brochure. Swisstom BB2 Product Information 2st100–112, Rev.000. 2012. Available online: http://www.swisstom.com/wp-content/uploads/BB2_Brochure_2ST100-112_Rev.000_EIT_inside.pdf (accessed on 19 November 2021).

	



Dimas, C.; Asimakopoulos, K.; Sotiriadis, P. A highly tunable dynamic thoracic model for Electrical Impedance Tomography. In Proceedings of the 2020 IEEE 20th International Conference on Bioinformatics and Bioengineering (BIBE), Cincinnati, OH, USA, 26–28 October 2020; pp. 961–968. [Google Scholar]

	



Nopp, P.; Rapp, E.; Pfutzner, H.; Nakesch, H.; Rusham, C. Dielectric properties of lung tissue as a function of air content. Phys. Med. Biol. 1993, 38, 699–716. [Google Scholar] [CrossRef] [PubMed]

	



Brown, B.H.; Seagar, A.D. The Sheffield data collection system. Clin. Phys. Physiol. Meas. 1987, 8, 91. [Google Scholar] [CrossRef] [PubMed]

	



Lionheart, W.R. EIT reconstruction algorithms: Pitfalls, challenges and recent developments. Physiol. Meas. 2004, 25, 125. [Google Scholar] [CrossRef]

	



Cheng, K.S.; Isaacson, D.; Newell, J.C.; Gisser, D.G. Electrode models for electric current computed tomography. IEEE Trans. Biomed. Eng. 1989, 36, 918–924. [Google Scholar] [CrossRef]

	



Hanke, M.; Harrach, B.; Hyvönen, N. Justification of point electrode models in electrical impedance tomography. Math. Model. Methods Appl. Sci. 2011, 21, 1395–1413. [Google Scholar] [CrossRef]

	



Dimas, C.; Alimisis, V.; Georgakopoulos, I.; Voudoukis, N.; Uzunoglu, N.; Sotiriadis, P.P. Evaluation of Thoracic Equivalent Multiport Circuits Using an Electrical Impedance Tomography Hardware Simulation Interface. Technologies 2021, 9, 58. [Google Scholar] [CrossRef]

	



Wu, Y.; Jiang, D.; Yerworth, R.; Demosthenous, A. An Imaged-Based Method for Universal Performance Evaluation of Electrical Impedance Tomography Systems. IEEE Trans. Biomed. Circuits Syst. 2021, 15, 464–473. [Google Scholar] [CrossRef] [PubMed]

	



Guardo, R.; Boulay, C.; Savoie, G.; Adler, A. A superheterodyne serial data acquisition system for Electrical Impedance Tomography. In Proceedings of the 15th Annual International Conference of the IEEE Engineering in Medicine and Biology Societ, San Diego, CA, USA, 30–31 October 1993. [Google Scholar]

	



Graham, B.M.; Adler, A. Objective selection of hyperparameter for EIT. Physiol. Meas. 2006, 27, S65–S79. [Google Scholar] [CrossRef] [PubMed]

	



Darbas, M.; Heleine, J.; Mendoza, R.; Velasco, A.C. Sensitivity analysis of the complete electrode model for electrical impedance tomography. AIMS Math. 2021, 6, 7333–7366. [Google Scholar] [CrossRef]








[image: Bioengineering 08 00191 g001 550] 





Figure 1. (a) Simplified demonstration of the PM-MoM SBL method process. (b) Illustrative example of a thoracic pixelized domain’s clustering structure. 
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Figure 2. The 3D F.E. structure for the 1st subject case in 5 breath cycle states. 
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Figure 3. The 3D structure for the 2nd subject case in 5 breath cycle states. 
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Figure 4. The 3D structure for the 3rd subject case in 5 breath cycle states. 






Figure 4. The 3D structure for the 3rd subject case in 5 breath cycle states.



[image: Bioengineering 08 00191 g004]







[image: Bioengineering 08 00191 g005 550] 





Figure 5. Cross-sectional boundary and lung shape changes from the end-expiration to the end-inspiration states. The extracted shapes were used to create extruded   3 D   models using NETGEN. 
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Figure 6. Reconstruction domain  Ω  used for the EIT imaging. Left: F.E. mesh. Right: MoM mesh. 
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Figure 7. Visual example of the reference images’ extraction for the 1st thoracic case (  k = 1  ). Left: example of the absolute admittance extraction of the   i 1  th and   i 2  th elements when in an inflated case (  l = 5  ). Right: the difference image reference frames for case   k = 1   when F.E.M. is applied. Only the conductivity difference (real values) is expressed in the legend. 
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Figure 8. Reconstructed EIT image filtering and detection of   P E  . Left: raw reconstructed image including the true lungs’ boundaries (for the corresponding   3 D   model’s cross-section). Right: filtered image including true and reconstructed lungs’ centers. 
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Figure 9. Reconstructed EIT images (conductivity differences) for the first case. 
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Figure 10. FoM results for the first case. 
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Figure 11. Reconstructed EIT images (conductivity differences) for the second case. 
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Figure 12. FoM results for the second case. 
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Figure 13. Reconstructed EIT images (conductivity differences) for the third case. 
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Figure 14. FoM results for the third case. 
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Figure 15. Single–breath in vivo results using the GN and TV approaches. 
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Figure 16. Single–breath in-vivo results using the movement Laplace prior approach. 
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Figure 17. Single–breath in vivo results using the difference of absolute images and multiple priors non-linear difference imaging approaches. 
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Figure 18. Single–breath in vivo results using the PM-MoM with Laplace regularization prior and the PM-MoM SBL approaches. 
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Table 1. Assigned conductivity and permittivity values to the thoracic models’ tissues for   f = 100   kHz, according to [47,48,49], and (41)–(42). The admittance is estimated as   γ = σ + j ω ϵ  ϵ o   .
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	Tissue
	  σ   at 100 kHz (   S / m   )
	   ω · ϵ ·  ϵ o     at 100 kHz (   F · H z / m   )





	Heart
	   0.215 ± 0.004   
	   0.0548 ± 0.001   



	Deflated Lung
	   0.272 ± 0.003   
	   0.029 ± 0.001   



	Lung State 2
	   0.225 ± 0.003   
	   0.019 ± 0.001   



	Lung State 3
	   0.179 ± 0.003   
	   0.017 ± 0.000   



	Lung State 4
	   0.145 ± 0.002   
	   0.029 ± 0.001   



	Inflated Lung
	   0.107 ± 0.002   
	   0.014 ± 0.000   



	Bones
	   0.021 ± 0.000   
	   0.001 ± 0.000   



	Skin & Fat
	   0.045 ± 0.000   
	   0.043 ± 0.000   



	Muscle (Background)
	   0.380 ± 0.008   
	   0.024 ± 0.001   
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Table 2. Number of tetrahedral elements and nodes per each   3 D   thoracic F.E. model.
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	Model
	No of Elements (   L e   )
	No of Nodes (   n e   )





	Case I, deflated state
	133,529
	27,328



	Case I, state 2
	139,486
	28,374



	Case I, state 3
	139,798
	28,433



	Case I, state 4
	142,070
	28,814



	Case I, inflated state
	146,000
	29,542



	Case II, deflated state
	144,329
	29,125



	Case II, state 2
	147,838
	29,815



	Case II, state 3
	146,871
	29,688



	Case II, state 4
	149,887
	30,219



	Case II, inflated state
	150,775
	30,359



	Case III, deflated state
	158,855
	31,791



	Case III, state 2
	158,392
	31768



	Case III, state 3
	159,185
	31,937



	Case III, state 4
	159,550
	31,984



	Case III, inflated state
	160,349
	32,159
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Table 3. Selection of reconstruction parameters per algorithm.
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	Algorithm
	   λ   
	   μ   
	   β   
	h





	Movement Prior
	   8 ×  10  − 3     
	   1.42   
	−
	−



	Gauss–Newton (GN)
	   8 ×  10  − 3     
	−
	−
	−



	Total Variation (TV)
	   10  − 6    
	−
	   10  − 3    
	−



	Difference of Absolute Images
	   5 ×  10  − 2     
	−
	−
	−



	Multiple Priors (N.L.D.)
	    λ 1  : 5 ×  10  − 5     

    λ  R O I   : 8 ×  10  − 5     
	−
	   10  − 3    
	−



	PM-MoM Laplace
	   0.2   
	−
	−
	−



	PM-MoM SBL
	−
	−
	−
	4
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